Abstract Deformable objects abound in nature, and future robots must be able to predict how they are going to behave in order to control them. In this paper we present a method capable of learning to predict the behaviour of deformable objects. We use a mass-spring-like model, which we extended to better suit our purposes, and apply it to the concrete scenario of robotic manipulation of an elastic deformable object. We describe a procedure for automatically calibrating the parameters for the model taking images and forces from a real sponge as ground truth. We use this ground truth to provide error measures that drive an evolutionary process that searches the parameter space of the model. The resulting calibrated model can make good predictions for 200 frames (6.667 seconds of real time video) even when tested with forces being applied in different positions to those trained.
Introduction
The objective of this research is the study of the process of physical modelling, prediction and evaluation of the predictive capabilities of a mass-spring-like model (as a prerequisite for planning), applied to the concrete scenario of robotic manipulation of an elastic deformable object (dish washing sponge). The robot identifies a region of the world, where its force sensor detects opposition to movement, and whose shape and behaviour can be modelled. This region can be better observed though a colour camera. A simple colour segmentation algorithm allows for the identification and tracking of the region's behaviour. A regular triangular mesh has been chosen as the form of representation of this region, so that the mass-spring-like model can be applied to it. A search for the best set of parameters for the model is conducted by evaluating the similarity of the behaviour of the modelled sponge vs. the real sponge in the 2D sequence of images. The generalisability of the resulting set is tested on data gathered when the forces were applied on other parts of the sponge.
The aim of the robot is to find a way to calibrate a model, so that it can describe the behaviour of an occupied physical region (sponge), just with the help of the information it can receive from its sensors (a camera and a force sensor) during a few interactions with it (pushing it against an obstacle), and a set of basic knowledge of how to learn to calibrate those models (search algorithms). From here, the set of requirements for the representation of the deformable object are explained in Sect. 3 .
For the simulation, we opted for what seemed to be a simple general physics based model proposed by Teschner [22] . However, in order to better reproduce the observed behaviours, some modifications and extensions where introduced, like a new force term that tends to preserve the angles between the springs in the mesh, as it is explained in Sect. 4 .
Finally, Sect 5 presents the set of experiments where a Katana arm [14] , equipped with a rigid finger, pushed a sponge against an obstacle (a pencil, fixed and perpendicular to the plane of the sponge). See Fig. 1 . Given a good set of parameters, the program can take as inputs the position of the obstacles for every frame (finger and pencil), the initial position and shape of the sponge, and the sensed force in the direction of movement for every frame, and it will be able to predict the deformation of the sponge for the remaining frames in the video (200 frames, 6.667 seconds) with very good accuracy. Such good sets can be found though a systematic search of the space of parameters or by a simple genetic algorithm. Sect 6 summarises our conclusions.
Related Work
It is hard to catalogue the literature about deformable objects, because it covers a wide range of aspects which can be combined to obtain good simulations for different situations (we need to start as general as possible, but without loosing the other ones from sight), starting with computer vision (which covers: identification, representation [17, 15] , classification, tracking [9] ), simulation and manipulation (with applications mainly in robotics, medicine [12] , computer graphics [16, 7] and industry [19] ). Sometimes the technique involves manually characterising the behaviour of a family of materials [18] , sometimes the main focus is in topological information [20] , sometimes they overlap across fields or get combined for new applications, like the work by Luo and Nelson [10] where visual tracking can provide haptic information, after a calibration phase of a FEM model links vision and haptic feedback. The first aim of Computer Graphics is to provide with rich, general and flexible representations of deformable objects: meshes and splines cover these requirements in different ways [21] , different behaviours can be attained by applying Fig. 1 Experimental setup. Viewing from a side, a one fingered Katana arm with a force sensor pushes a sponge. The transparent finger pushes the sponge away from it. On the other end, a pencil is used as an obstacle always opposed to the finger. A camera observes and records the action from the top.
transformations to vertices and control points, respectively, or by calculating its new possition individually, as it is done in this work.
Physics based models are commonly used either to reinforce tracking or to produce simulations. Two families of them pervade the scientific literature for deformable objects [4] :
Finite Element Methods (FEM): Objects are divided into unitary surface or volumetric elements joined at discrete node points where a continuous equilibrium equation is approximated over each element. To solve the system, large matrices connecting the elements must be solved. There are several variations of these: Non-linear FEM, Geometric Nonlinear FEM and Boundary Element Methods (which transforms the equations so that they have to be integrated at the border of the object instead of the whole volume). The Long Elements Method uses three mutually perpendicular reference planes that cross the object, and the relative positions of points inside the object with respect to these reference planes are simulated [1] . Mass-spring Methods: Objects are represented by meshes where masses are located at the nodes and the edges correspond to springs connecting them. It is possible to discretise and integrate the system of equations for each mass point separately, making the process easy and parallelisable. It can be easily applied to model volumes or 2D textiles [6] .
In the area of predictive tracking, the work by Malassiotis [11] resembles the structure of our approach (even though the underlying model is different): a triangular mesh is calculated to cover the 2-D image of a textured deformable object of interest. The aim of his technique is to identify the principal deformation modes in the mesh over the observed object, so that future deformations can be expressed as combinations of these modes. The 2-D shape of the object is modelled with an elastic membrane deformed by virtual forces, its strain energy is calculated by making use of the finite element theory, which causes it to be costly in time and complexity. This information will guide the deformations of the mesh, while trying to predict how the object will be deformed. However, the shapes it can describe are limited by what can be represented as combinations of the selected modes.
Among the most innovative works with mass-spring methods are: Burion et al. [3] , who use a mass-spring skeleton model [4] , where filling spheres are placed along the medial skeleton of the object and are connected together with elastic links, which model elongation, flexion and torsion properties. They use a particle filter algorithm to estimate the stiffness coefficients. Since we plan to extend our work to plasticine, the requirement of a skeleton make this approach unsuitable for our purposes.
Nevertheless, we chose to work with Teschner's model [22] , following the experience of Morris [13] (in computer graphics), because it addresses the same issues but is easily implemented in 2D (the dimensionality of our ground truth). Here, additionally to the traditional damped springs at the edges, two new energy terms are devised to enforce preservation of area and volume, making this model more adequate to simulate a broad range of realistic behaviours. Also, the terms for distance, area and volume preservation have the same structure, this makes the model uniform and straightforward to implement and extend. Particularly, we added a term to consider preservation of angles, which considerably improved the stability of the simulation.
Also Barbara Frank works with learning of deformable objects, in colaboration with Teschner. Their work has the same general structure than ours, but they use a 3D FEM model for the simulation and search for calibration parameters using a gradent descent algorithm [5] .
Representation of the Deformable Object
It is clear that it took centuries for humans to discover the molecular and atomic structure of matter, some time more to understand its interactions, how to control the creation of particular structures, and how the macroscopic attributes emerge from the underlying microscopic composition of the material [8] . Nevertheless, there was an intelligent process that allowed humans to handle materials even before they had this knowledge. Since in this work we are interested in the programming of cognitive robots, the model to be used does not have to be physically correct, but its behaviour must correspond with the observations, and it must be possible to apply it easily to a wide range of materials and shapes.
There is a set of simple requirements, given by the predictive task we have in mind:
1. The representation must be deformable, just as the original material. 2. Given that we are receiving visual information in 2D, we will try to keep things simple by having an internal representation also in 2D. 3. It must be possible to represent interactions between solids (rigid and deformable).
Particularly, we need to detect contact. 4. The model must provide information beyond the points where data was collected [interpolation and extrapolation] e.g. beyond the points where testing forces were applied and deformations or displacements were registered. Observe that, in particular, the force sensor in our experiment only provides readings in one point, but the shape of the robotic finger is actually a sphere. Also, the initial shape and position of the mesh is given for the first frame, but the model must be able to deform the initial representation accordingly.
A very common representation of any object in computer graphics is a mesh. A mesh can be easily rendered, transformed (translated, rotated, resized, etc.) and deformed. It is also quite common to use meshes for physics based methods. Each node has a mass, and neighbour nodes are connected by edges. Since we are interested in real time modelling of dynamic behaviour, the evaluation of a mass-spring model is appealing, therefore, the mesh must be designed taking this into account. For mass-spring models, the shape of the mesh can lead to undesired anisotropic behaviours, since forces are applied only through the edges (which become springs) [2] . To attend this, to a certain extent, we opted for taking the simple approach of generating a symmetric triangular mesh.
Physics Model

Antecedents
To plan complex motions in AI a planner may find paths between keyframes and displacements of keypoints. It is thus an important task for learning algorithms to find these keypoints. In the case of deformable objects, the new shapes an object can take may be characterised by keypoints like points of high curvature. Nevertheless, they are still so varied that it is not possible to detect and remember them all in advance. Therefore, an algorithm that can predict the continuous or discontinuous transformations of key points in the deformation can help to explore the possible consequences of plans that include nove interactions whose key points are still unknown. In order to do that, the underlying representation of the model must not depend on those unknown keypoints. That is why a regular mesh has been proposed as the basis for the model we use. In future work, this mesh could be used to extract the keypoints mentioned.
This research approach is inspired by the work by Morris [13] . He works with a 3D finite element model as a ground truth to automatically calibrate an almost equivalent instance of the mass-spring model proposed by Teschner [22] , which can be used instead for real time simulations. Random sets of parameters are proposed and evaluated at equilibrium positions, an adaptive simulated annealing search is used to modify the best parameters of the springs and look for better candidates. Observe that only the final equilibrium positions are evaluated, the forces are applied on vertices of the mesh and the position of the objects is fixed.
Inputs
The katana arm has been equipped with a 6 degrees sensor (forces and torques), but for the experiments in this research only one direction is relevant. A colour camera with a resolution of 800x600 pixels is placed perpendicular to the direction of movement so that it can capture the movement of the finger and the deformation of the sponge. See Fig. 2 . Fig. 2 Viewing from the top, a one fingered Katana arm with a force sensor pushes a sponge. The transparent finger pushes the sponge downwards. On the other end (below), a pencil (cap) is used as an obstacle always opposed to the finger. Both obstacles are represented by thin circles in the photo.
Graphical Constraints
Given that the main focus of this work is on the deformable object, the treatment of the rigid objects involved has been simplified as much as possible. Both, the finger and the pencil are represented as instances of hard circular obstacles. This implies that any element of the deformable mesh will not be allowed to enter or cross over the enclosed region. This constraint is enforced at every frame during the simulation through a standard set of collision detection subroutines. Also the triangulation must remain without crossings. Whenever the displacemente of a node produces a crossing, the opposite ending of the affected triangle and the node itself get pushed in opposite directions to undo the error. If a set of parameters can not respect this constraints it is eliminated.
From Energy Constraints to Force terms
The core of the model is in the energy terms that enforce the preservation of three quantities: length of the springs, area of each triangle and the internal angles of the triangles. The first two terms are directly derived for the two dimensional case following Teschner's method and can be seen in [22] . The last term is our original contribution.
Equal masses are allocated at the nodes of the mesh and the edges correspond to the springs. The dynamics of the deformation of the objects are represented through dynamic constraints from which potential energies are obtained. The dynamics of the system are ruled by the forces that minimise these energies. Teschner indicates how to derive those forces and Morris [13] uses geometrical arguments to explain them. The following sections indicate the corresponding expressions.
Preservation of Distance:
The spring will tend to recover its original length. Strictly this is the only term that will force the triangles to recover their original shape. See Fig. 3 .a.
Force:
Where p i , p j are the mass point positions, k D the stiffness coefficient, E D the potential energy based on the difference between the current distance of two points and the initial or rest distance D 0 , with D 0 = 0. F D is the force resulting from this energy and it will pull or push the masses in the direction of the line that joins them.
Preservation of Surface Area:
Every triangle in the mesh tries to recover its area. This term does not respect the original shape of the triangle, thus allowing the hole mesh to find a new equilibrium even if greatly deformed. See Fig. 3 .b.
Where the energy E A considers triples of mass points that build surface triangles. E A represents energy based on the difference of the current area of a surface triangle and its initial area A 0 with A 0 = 0. Here k A is an area stiffness coefficient. Each mass with move in the direction of the height of the triangle that passes through it, to increase or decrease its area. 
Preservation of Angles:
We added an extra term to enforce the preservation of angles. The energy depends on the difference of the angles between adjacent edges. The force emerging from this term is harder to visualize, it is a linear combinations of the vectors along the edges that form the angle of interest, it pretends to restore the original angle, but does not pay attention to the original size. See Fig. 4 . Therefore, it helps recover a similar triangle, but if used alone can collapse or explode the triangle. An additional line in the code also forces an inverted angle to recover its original orientation.
Energy:
* It was also considered to multiply E ϕ by the lengths of the edges, but it hasn't improved the performance of the model.
Where ϕ is the angle between adjacent edges, E ϕ is the energy associated to changes in the angle and k ϕ , the corresponding stiffness constant. Contrary to the previous cases, it is not so evident in which direction the force will act.
The differential equations that rule the behaviour of the system are integrated with a numerical approach. Originally the acceleration of the masses is proportional to the force, the equation must be integrated twice to obtain the positions as a function of time. In this case, in order to compute the new state of the system (x(t + h) position at time t + h, v(t + h) velocity at time t + h) the Verlet integration scheme is used [6] .
with F(t) = F D (t) + F A (t) + F ϕ (t), and m, the mass of the node. Fig. 4 The angular force displaces the vertex of interest in the direction of maximum change of the angle in order to recover its original value. This direction is a linear combination of the vectors that emerge from both edges forming the angle, and does not respect the original size of the triangle.
This will yield the typical oscillatory behaviour of springs. However, to simulate a heavily damped sponge we made the velocities proportional to the forces. Now, instead of having a second order set of equations, the set is first order. The simulations we obtained were closer to the observed behaviour. Also, for every frame in the simulation, there are 10 steps in the numerical integration.
with
However, to give stability to the numerical integration process it is necessary to add damping terms to the linear force. Teschner gives the following formula to calculate the force:
Given that F D for every p i only depends on p i and p j , the sum has two terms.
Still these forces only represent the internal tension of the material that makes it tend to recover its shape. The external force applied by the finger and measured by the sensor is added to the forces acting on the nearest vertex to the finger in the mesh. Additionally, the mesh must respect the graphical constraint imposed by the finger, which greatly helps in shaping the sponge, and propagates the effect caused by the hole circular shape.
At the beginning we assumed that the spring terms would suffice even to reproduce the slight translation of the sponge as it is pushed by the finger, since pushing a spring should make this push its neighbours and so on. However, our first experi-ments showed it not to be the case. The effect of pushing a spring get diluted among the deformation of the spring and the area and angular terms. In order to obtain the translation, we must add a solid propagation of the finger's force. This is, that part of the force is absorbed in deformation, while another amount affects all vertices and produces an even displacement. For the moment we just added an extra parameter to the model that fixes the amount of force that is invested in translation. There is an additional parameter f t that represents a solid force that is constantly propagated to the entire sponge (to every vertex) and accounts for the overal solid translation of the object.
The algorithms where implemented in C++, making use of the GNU compiler gcc 4.4.4. The triangulations where managed with the CGAL library, and the vision part was handled with OpenCV.
Experiments
Evaluation: Difference of Areas
The function used to automate the decision of what makes a good set of parameters is quite simple, but provides a sufficient criterion to eliminate bad sets of parameters. It consists in measuring the difference between the area occupied by the image of the sponge and the area covered by the mesh of the model (this is done pixel by pixel). The bigger this difference, the worst the model. All the differences frame by frame are added up to assign a mark to the set of parameters during the hole duration of the video. See Fig. 5 . 
Results
The numerical value of the forces measured in the relevant direction of movement range from -3.8 N (due to noise in the sensor) to 170.3 N. We use a simple genetic algorithm to find good sets of parameters. Here, the first generation has only random values for every parameter, within the ranges: After, for every generation, one third of the new elements are the best of the previous generation (they don't get evaluated again), one third are the previous ones plus Gaussian noise (the value of sigma gets reduced for every generation from 100 to 10), and the last third are new random elements. With the genetic algorithm, after the 8th generation the set of parameters with the best mark has been the same. It produced the videos summarized in Fig. 6 , and the marks for the best sets are summarized in Table 1 . However, other executions of the same algorithm have found other good sets of values (any of them would serve the purposes of the robot). Nevertheless we completed the analysis with a systematic run. We noticed that big values for the preservation of areas create severe problems while trying to maintain the graphical constraints (T-test t = 8.33, for all the follow- There are also differences in magnitude depending on the number of elements in the mesh. Notice that the genetic algorithm was able to try values in a wider range, and in fact quickly found its best sets outside from what we had considered for the systematic search. If there are more elements in the mesh, the stiffness coefficients are smaller. Unfortunately the systematic search can take up to several weeks in a PC with an Intel(R) Core(TM)2 Quad CPU Q6600 @ 2.40GHz.
Conclusions
We managed to automatically calibrate a mass-spring-like model taking images and forces from a real sponge as ground truth. The discretisation of the equations of movement produce jumps whose effects are hard to control. The calibrated model works well until opposing forces make it difficult to respect all the graphical constraints. The simulation also fails at the end, when the translation term keeps acting even when the sponge is not moving any more (this requires a better function for the translation component). Furthermore, in order to consider new behaviours (plasticity, rotations, etc.) it is necessary to add new terms to the model and the search space is increased. This shows that, if we want to program a cognitive robot using physical models, it would be required to provide the robot with a big collection of components to consider, which leaves open the question of whether there is a simpler mechanism that can cover many behaviours on the same basis.
